Abstract Transport of passive, dissolved compounds in fully-saturated complex porous media frequently exhibits non-Fickian characteristics. One of the most interesting questions is to ascertain the time scales at which it is possible to describe transport as a statistically independent process. Therefore, we study the mechanisms for evolution and then the decrease of non-Fickianity as a function of increasing time. Adopting the Lagrangian perspective, we provide a nonlinear copula analysis of advective-diffusive processes by analyzing particle trajectories in a real porous media, as provided by direct numerical simulations on the three-dimensional image of Doddington sandstone. First, we analyze the memory effects between timeconsecutive particle position increments and cross dependence between longitudinal and transversal particle position increments as a function of given time increments and time lags between consecutive time increments. Second, we investigate the influence of the P eclet regime on the temporal evolution of dependence. Our main findings are: (a) Cross dependence between longitudinal and transversal particle position increments is persistent over the investigated range of time increments, even though this aspect has been neglected up to date. (b) Lower P eclet numbers lead to a weaker dependence that is, however, more persistent over time than in higher-P eclet transport regimes. We confirm that non-Fickianity comes from spatial coherence associated with heterogeneities of the velocity field that introduce cross dependence and memory into the transport process. Overall, we show that memory and cross dependence are persistent in and among all directions, that the dependence is highly-nonlinear, occurs at different temporal scales, and is dependent on the P eclet number.
Introduction
A detailed understanding of finite-P eclet transport processes of passive, dissolved compounds in fully saturated complex porous media is highly relevant for a multitude of environmental and technical applications, including subsurface contaminant remediation [e.g., Class and Helmig, 2002] , carbon dioxide storage [e.g., Oladyshkin et al., 2011; Szulczewski et al., 2012] , nuclear waste disposal [e.g., Yoshida and Takahashi, 2012] , oil recovery [e.g., Orr and Taber, 1984; Kissinger et al., 2013] , and drinking water supply from groundwater systems [e.g., Harvey et al., 2002; Gleeson et al., 2012] .
Traditionally, transport in porous media has been described by the advection-dispersion equation (ADE) . From the Lagrangian perspective, this equation formulates transport as a drift term for advection plus a stochastic Wiener process (i.e., a simple random walk) to model diffusion and dispersion. Transport according to the ADE can be understood as a concentration plume that moves with average flow velocity in average flow direction combined with a superposed Gaussian spread.
Many studies, however, observed significant discrepancies between the ADE and laboratory [e.g., Aronofsky and Heller, 1957; Silliman and Simpson, 1987; Sternberg et al., 1996; Levy and Berkowitz, 2003; Cortis and Berkowitz, 2004; Moroni et al., 2007] or field experiments [e.g., Sudicky et al., 1983; Roberts et al., 1986; Gelhar et al., 1992; Sidle et al., 1998; Zhang and Benson, 2008; Cushman and OMalley, 2015] . Typically, the ADE could not represent the characteristic early arrival and tailing behavior of experimental breakthrough curves (BTCs) at specified control planes. The reason is that applying the ADE to larger systems invokes an upscaling procedure that rests on the concept of representative elementary volume (REV) in order to treat porous media as a continuum. The definition of REVs always neglects the subscale complexity
The origin of non-Fickian transport begins with velocity fluctuations influenced by pore structure. Recent advances in X-ray tomography made it possible to describe advective-diffusive transport in the pore space of micro-CT images with a high degree of accuracy Blunt et al., 2013] . Bijeljic et al. [2013a] simulate solute transport through 3-D images of three porous media with varying pore-scale complexity for a range of P eclet numbers representing different transport regimes. In the analysis, they focused on the relation between concentrations as a function of distance and pore-scale velocity distribution. They found that, the larger the variance of the velocity distribution, the stronger are the non-Fickian characteristics of solute transport. Crucially, pore-space heterogeneity is captured up to the order of 10 9 voxels, which allows for transport statistics to be studied in great detail.
Motivated by these developments, we will analyze the full statistical dependence properties of pore-scale transport in natural porous media. With dependence, we refer here to memory effects between consecutive particle position increments over time, and to cross-directional coordination effects between the longitudinal and transversal components of particle motion at any given point in time. With full statistical analysis, we mean an analysis that goes beyond mean square displacements and correlation. For this purpose, we analyze particle trajectories obtained from direct numerical simulations of advective-diffusive transport on a micro-CT image of Doddington sandstone. Based on this, we identify the mechanisms that lead to effectively non-Fickian transport at the Darcy scale. Our main goal is to provide a new description of an advectivediffusive transport process by copula-based analysis of particle trajectories, which captures the impact of pore-structure heterogeneity represented by 10 9 image voxels. Direct incorporation of pore-structure effects is currently lacking in the effective Darcy-scale simulation frameworks. This characterization of the stochastic transport process adds new information on the nature of non-Fickianity dependent on heterogeneity and P eclet by including improved descriptions of memory and cross dependence. Including this information into Darcy-scale random walk schemes for non-Fickian transport (summarized in the following) will help to improve their ability to simulate pre-asymptotic variance growth (memory), the evolution of earlyarrival and tailing with progressing scale (memory) and the relation and scaling between longitudinal and transverse dispersion (cross dependence). Providing such an implementation, however, is beyond the scope of the current study.
From the Lagrangian perspective, advective-diffusive transport at the pore scale can be described as a stochastic Markov process of particle positions X indexed by time t, where the future system state depends solely on the current system state:
where X is an n-dimensional vector of particle coordinates and n is the physical dimension of the considered porous media. The transition DX t between the system states X t and X t11 under the influence of advection and diffusion can be described by the Itô-Taylor expansion [Gardiner, 1985] :
In equation (2), AðX t ; tÞ is a n-dimensional drift vector ½LT 21 that represents advection Dt is the time interval between t and t 1 1 and B is the n 3 n-dimensional displacement matrix ½LT 21=2 that is obtained as a square root decomposition of the (molecular) diffusion tensor. The term DW t is a n-dimensional Wiener process ½T 21=2 that can be discretized in time as DW t 5 ffiffiffiffiffi Dt p Á n, where n t is a n-dimensional vector of independent and normally distributed random variables with zero mean and unit variance [e.g., LaBolle et al., 1996] .
In the limit of large particle numbers and infinitesimal Dt, the Itô-Taylor expansion (equation (2)) is equivalent to the Fokker-Planck equation (equation (3) below) [Salamon et al., 2006] . That equation describes the temporal evolution of the probability density function P(x, t) of particle positions x under influence of a drag force A (5 advection) and a random force D (5 diffusion):
As long as the increments DX t in equation (2) are independent and identically distributed (i.i.d.) random variables with finite variance for all t p , the particle positions X t should remain normally distributed at all times t p because they are a summation of finite-variance and i.i.d. random variables DX t . This follows directly from the Central Limit Theorem (CLT) [Fischer, 2011] , and hence a naive expectation might be that transport as described by equations (1) and (2) cannot exhibit non-Fickianity.
So why do we observe effective non-Fickian transport characteristics at the Darcy-scale while transport at the pore-scale follows a Fickian transport law and the CLT suggests that it should remain Fickian? Diffusion alone is by definition a fully independent process and produces i.i.d. displacements with finite variance. Advection, however, is a process with strongly pronounced spatial coherence due to the underlying physical flow laws and the geometries of pore spaces. The spatial coherence leads to memory effects over time and to cross-directional dependencies among the spatial directions. Equation (2) implies that, for increasing Dt, the influence of the advective term increases. This can be seen from the fact that the drift term scales with Dt, whereas the diffusion terms scales with ffiffiffiffiffi Dt p . As the advection components of displacements are not i.i.d. and their influence increases over time, the CLT does not apply. Therefore, there is a certain temporal scale Dt from which on particle displacements DX t cannot be considered as i.i.d. anymore, and that is the reason for the emerging non-Fickianity in transport processes at larger time scales. When losing the porescale details of advection in Darcy-scale models, these effects need to be addressed through an effective, non-Fickian dispersion model. The stochastic properties of such a dispersion model will have to depend on the scale of time increments Dt used during the corresponding simulations.
To better illustrate the effect of Dt on the transport description in equation (2), we introduce the relative P eclet number Pe rel . In contrast to the conventional P eclet number, the relative P eclet number characterizes the balance between advective and diffusive components of particle position increments DX as a function of the time increment Dt (see equation (4)):
in which kðDtÞ5 vDt is the characteristic length of particle displacements and v is the average particle velocity. For small Dt of any Lagrangian analysis, the relative P eclet number approaches zero and particle motion follows Fickian laws. For larger Dt, the advective term dominates over the diffusive term and the relative P eclet number increases. The resulting displacements with large Dt are not i.i.d anymore and that inhibits the application of Fickian transport laws. The mechanisms that trigger effective non-Fickianity with increasing Dt and the return to Fickianity (in the asymptotic regime beyond the time scales investigated here where the CLT will hold again) is the main interest of our investigation. Later on, we will introduce a time increment dt that is a multiple of the numerical time step Dt sim used to simulate transport, and we will use the relative P eclet number defined with that dt for the interpretation of our results.
At the pore scale, the physical process itself is fully described by the Ito-Taylor expansion according to equation (2), which is formulated as a stochastic ordinary differential equation over time to express the evolution of particle positions. In this study, we will analyze particle trajectories traversed by advective and diffusive movements as a function of the fixed time increments. This is one of the aspects that distinguishes our
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work from other recent studies with similar objectives: most other studies investigate transport through statistics of travel times in the spatial domain [Kang et al., 2014; De Anna et al., 2013; Kang et al., 2011a; Le Borgne et al., 2008a] .
Several theories were developed to analyze and conceptualize effective models for non-Fickian transport. Popular examples include the fractional advection dispersion equation (fADE) [Benson et al., 2002] , multirate mass transfer (MRMT) [Haggerty and Gorelick, 1995] , and continuous time random walks (CTRW) [Berkowitz et al., 2006] . MRMT method was originally formulated from the Eulerian perspective while the fADE method can have an additional rich Lagrangian background [Benson et al., 2002] . In this study, we adopt the Lagrangian perspective and focus our review of the state of the art on CTRW methods. Most CTRW formulations assume independence between consecutive changes in the system states and model particle displacements as a Markov process. Compared to the conventional random walk as in equation (2), CTRW simulations consider additionally a waiting time that mimics the residence of particles in stagnant zones versus the time they spend in mobile regions.
Recently, it was revealed as important to consider the possible influence of velocity correlation also for nonstagnant particles. Several studies focus on that correlation signature and use Lagrangian particle statistics to derive transition probabilities between consecutive displacements of individual particles. Le Borgne et al. [2008b] derive these transition probabilities from a particle-based transport simulation at the Darcy scale within a randomly generated conductivity field with transport dominated by advection at P eclet number of 100. The presented correlated continuous time random walk method correctly captures velocity correlation and reliably predicts transport even in highly heterogeneous media. Dentz and Bolster [2010] compare anomalous transport triggered by independent power-law distributed velocities versus anomalous transport triggered by velocities that are correlated in space by a power-law variogram. They found that both mechanisms can lead to the same anomalous scaling even if the transport formulations are fundamentally different as spatial particle densities or first passage time distributions are considered. Using CTRW framework, Bijeljic et al. [2011] analyze the results of direct simulation of advection and diffusion on 3-D X-ray images of three different classes of porous media (sand pack, sandstone, and limestone). From measured truncated power-law distribution of travel times within the pore space, they find profoundly different signature of non-Fickian transport for the complex limestone compared to the sandstone or sand pack. Kang et al. [2011b] developed a CTRW for purely advective transport on a regular 2-D lattice network. They use transition probability matrices to represent the correlation between the velocities at consecutive time steps while treating longitudinal and transverse velocities as statistically independent. This model captures the non-Fickian longitudinal and transversal spreading and it also matches the BTCs obtained from pore-scale simulations. The simulations also honor the often observed correlation in the Lagrangian velocities. De Anna et al. [2013] utilize the same approach and apply it on artificial 2-D porous media with circular grains. Therein, velocity correlation over time is considered only along the longitudinal direction. In that study, the authors found a direct link between the microscale flow, its intermittent properties, and non-Fickian dispersion. Kang et al. [2014] use a realistic Lagrangian transport simulation at the pore scale to derive transition probability matrices for the longitudinal and for the transversal direction under purely advective flow conditions, again treating particle motion per spatial coordinates as independent. They show that the origin of non-Fickian transport can be found in the intermittent structure of the velocity field at the pore scale, which comes from the interaction of velocity heterogeneity and velocity correlation. Most recently, Meyer and Bijeljic [2016] demonstrate that Lagrangian velocity correlation length is a quantity that characterizes the spatial variability for transport in several images of natural porous media. All of these methods are capable to capture the main anomalous transport behavior within their predefined test setups.
However, there is no study available yet that focuses more deeply on the much more complex dependence structure of pore-scale transport processes that must be understood better to parametrize effective transport models. The term dependence structure can be understood as the characteristic residence time a particle stays within a certain velocity quantile, for instance in a slow zone. This characteristic time can be very different for slow or fast particles, and for different angles of motions. In this study, we describe the dependence structure through transition probabilities from one to another velocity quantile in consecutive, time To achieve a clearer understanding of the dependence structure, we will first analyze the memory effects in longitudinal and transverse direction, and then expand our analysis to the cross dependence between longitudinal and transversal direction. The main goal of this study is to provide a comprehensive analysis of the high-order dependence structure (memory and cross directional) that encompasses the full 3-D information of the pore-scale transport simulation.
We focus on the following four relevant issues:
1. To the best of our knowledge, there is no study available that analyses the statistics of transport in porous media in all directions in a joint manner. In specific, no study analyses the evolution of the complex cross-directional (e.g., x-versus y-direction or y-versus z-direction) dependence of particle displacements over time. This is especially relevant for understanding mixing processes as the transverse spread controls the mixing behavior in natural systems [i.e., Dentz et al., 2011; Le Borgne et al., 2010] . 2. Most above mentioned studies address anomalous transport, but all of them present an analysis or a simulation technique for a specific and/or simplified experimental setup. All these methods contain a statistical description of the transport process up to their chosen degree of a priori simplification. This study should provide a statistical description of the spatial displacement dependence without simplifications and in full spatial complexity. 3. We are analyzing the process memory (in the temporal domain) under the influences of diffusion as a function of the sampling time dt, time lag s, and the P eclet number. Understanding the process memory is important to define the minimum duration and time scale that is required to return to a time-domain Markov process or to Fickian transport. In particular, the influence of diffusion on the process memory is interesting as diffusion alone can transport particles into and back out of stagnant zones. The inward process generates process memory while the outward process reduces memory, and both parts depend on the P eclet number. 4. We are conducting our analyses in a spherical coordinate system that moves with each particle. In specific, particle position increments are analyzed in terms of absolute lengths of displacements and two angles (azimuth and elevation), instead of looking at increments in each spatial direction (i.e., x, y, and z). We found that this coordinate system is very close to the underlying physics and is better positioned to describe the complex dependence than the Cartesian coordinate system. Furthermore, an analysis of absolute displacements can directly be used to define stagnation or mobility of particles in respective zones of the flow field.
For the statistical analysis of the pore-scale transport simulation, we use an adaption of the copula framework [Sklar, 1973] . Copulas reveal the pure dependence between random variables (here: particle position increments for a given dt) and are able to describe any order of dependence beyond linear correlation [Haslauer, 2011] . With pure we mean that copulas represent a multivariate distribution rectified from the marginal distributions that often mask the underlying dependence (see Figure 2 later in this study). These properties qualify copulas as a powerful tool to describe the complex statistics of transport in porous media.
Methods
Flow and Transport Simulation
Studying particle trajectories during transport in natural rock is greatly facilitated by having detailed information on pore-scale geometry which can be provided by X-ray tomography. Pore-scale simulation of flow and transport is conducted on a Doddington sandstone image comprising of 1000 cubed voxels per spatial direction (i.e., a total of 1 Á 10 9 voxels) with 2.6929 lm voxel size, resulting in image lengths in each direction of L x 5L y 5L z 52:6929 mm. The image is acquired by scanning a 5 mm diameter core in a micro-CT scanner Xradia Versa 500. The image processing is carried out using the Avizo Fire 7.0 program (VSG; www.vsg3d. com). The image porosity of /50:195 compares well with laboratory measurements using helium porosimetry (0.192). Noise reduction has been achieved by using a nonlocal means edge-preserving filter [Buades et al., 2005] while segmentation into pore and solid voxels has been performed using the watershed seeded algorithm [Andrew et al., 2014] .
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Each pore voxel created by image segmentation is a grid-block in the subsequent flow simulation. The volume conservation equation (5) (see below) and the Navier-Stokes equation (6) 
where u is the velocity vector, l is the viscosity of water, q is the density, and p is pressure. A unit pressure gradient is applied across the image with a constant pressure boundary condition at the inlet and outlet image faces while no-slip boundary conditions are used at solid voxel boundaries. s ] is the volumetric flux. From flow simulation, the absolute permeability in the image flow direction using Darcy's law is k53:23 Á 10 212 m 2 . Figure 1a presents the flow field based on voxel velocities in the resulting Doddington sandstone image. Transport is simulated on the image voxels by a particle tracking random walk method . For the above obtained velocity field, we perform simulations by tracking advective and diffusive displacements of particles in constant time steps Dt sim 51 Á 10 24 s so that the updated particle positions Xðt1Dt sim Þ given the current positions XðtÞ are:
We inject 1000 particles using flux-weighted injection and track particle trajectories until they cross the exit image face. To ensure that particles do not cross the inlet face by backward diffusion, we inject them sufficiently far from the inlet face. We found that injecting into the 30th image voxel layer as measured from the inlet is sufficient. In each time step, particles are moved by X adv along the streamlines traversing one or more voxels using a modified Pollock's algorithm [Pereira-Nunes et al., 2015] . Then, they are moved diffusively by X diff 5 ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi 24D m Dt sim p ðR20:5Þ where D m 52:2 Á 10 29 m 2 s is the molecular diffusion coefficient of water and R is a random number uniformly distributed between 0 and 1 [Benson and Meerschaert, 2008] . Particles can hit solid boundaries only by diffusion-if this occurs they are bounced back to the pore voxels in a random direction and traverse the remainder of the diffusive displacement for that time step.
We perform simulations for two different transport conditions characterized by the P eclet number defined as Pe5 uavL Dm , where the characteristic length L is obtained from the micro-CT image as L5 pV S , where V is the porous medium volume and S is the area of the pore-grain interface, both calculated from the image [Mostaghimi et al., 2012] 
Preprocessing of the Simulation Data
The data for statistical analysis come from a preprocessing step that is using the particle trajectories from the transport simulation (see Figure 1b) . The preprocessing step extracts the data relevant to analyze particle increment distributions and their memory effects. We are interested in the dependence structure and the process memory as a function of time increment dt and time lag (between time increments) s (see Figure 1c) . In this section, the process time t p , the temporal discretization of the transport simulation Dt sim , the time increment dt, and the time lag s are explained in detail as illustrated in Figure 1c . The process time t p is the time passed from the initial injection of the particles into the flow field. It runs from t50s to the end of the simulation 10 s later. This is the typical time coordinate used to describe time-dependent dispersion behavior. The parameter Dt sim is the temporal discretization of the pore-scale transport simulation. It remains constant and we assume that it is sufficiently small to neglect the discretization error, which has been validated in previous studies [e.g., Bijeljic et al., 2004; Mostaghimi et al., 2012] . However, our focus lies on dt and s. We evaluate the absolute spatial increments of the particles within the time increment dt (dt5n Á Dt sim ). The parameter dt is the temporal sampling window in which we are sampling the positions of particles moving though the porous medium according to the underlying velocity field. The spatial increments are defined as the Euclidean distances between the particles' position at t i and the particles position at t i 1 dt, where the interval for analysis runs from t 1 5500 to t n 5 20000. The time increment dt is varied as part of the analysis to see how particle increment statistics change with time resolution scale at which the transport is analyzed. As we are interested in the process dependence and its memory, we are, for instance, interested whether fast particles in a current time step are still fast in a later time step. Therefore, we additionally derive a joint increment data set, of all particle increments in time increments separated by a time lag s, and vary s in order to analyze the duration of memory. The resulting data sets enter our copula-based analysis (see section 2.3) to derive the dependence structure and memory of the transport process as a function of dt and s. If we looked only at fully advection-dominated transport, the ratio of particle position increments f over time increments dt would be the particle velocities averaged over a temporal sampling window dt. However, as we analyze transport at a finite-P eclet regime, our position increments also contain diffusive contributions, and the analogy would not honor the full physics of the process.
Statistical Analysis
This section describes how we analyze the particle increment data statistically. It is not trivial to describe the bivariate dependence of two random variables (here: dependence between distances and angles in the same time increment or between particle displacements separated by a time lag s), especially when the marginal distributions (here: the distributions of individual increments) are dominated by their extreme values. Extreme values are characteristic for transport in porous media as a result of the strong velocity gradients within the pore space. To analyze the effective behavior of pore-scale transport (simulation discretized at Dt sim ), we increase the temporal sampling window dt. If we increase dt, we also increase the dt-dependent relative P eclet number Pe rel . Then, advection becomes the dominating driving force of transport, amplifying the extreme-value tailing of the displacement distributions in the pre-asymptotic regime investigated here. Figure 2a illustrates a bivariate distribution of two arbitrarily chosen displacement distributions (here: x-components versus y-components of a displacement) which are dominated by advection. For diffusion only, we would not have any dependence between x-and y-components. This would lead to a bivariate distribution that has Gaussian marginal distributions, both with zero expectation and a variance that scales with ffiffiffiffiffiffiffiffiffiffi 2Ddt p . It is hard to see any dependence in Figure 2a because the plot is dominated by the heavily tailed marginal distributions. In fact, bivariate distributions have been found inappropriate to visualize the dependence structure, if marginal distributions exhibit strong tailing [B ardossy, 2006] .
Copulas avoid the difficulties introduced by such extreme values by expressing the strength of the dependence independently of the marginal distribution [B ardossy, 2006] . For that reason, they are often said to reveal the pure dependence. The marginals are removed by a probability integral transformation that transfers the marginals to uniform distributions. This transformation can be understood as a transformation from the value space to the rank space [B ardossy, 2006] . Copulas have further advantages that are valuable for our analysis. Copulas can describe any order of dependence without being constrained to a first-order second moment description of dependence like correlation, for instance. Copulas are able to reveal the strength of dependence within different quantile ranges. In other words, copulas can indicate whether high quantiles exhibit stronger dependence than low quantiles [e.g., Li, 2010].
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Mathematically, a copula is a multivariate (cumulative) distribution function of two or more random variables on the unit hypercube with marginals that are all distributed uniformly [Sklar, 1973] :
A copula is the link between any continuous multivariate distribution function Fðt 1 ; . . . ; t n Þ and its univariate marginals F t1 ; . . . ; F tn , which is known as Sklar's theorem [Sklar, 1973] :
If the copula is continuous, the copula density exists and is given by:
For more detailed descriptions and explanations of the basic concept of copulas, the interested reader is referred to Nelsen [2013] . Figure 2b shows the copula density of the displacement components in x and y direction within a given time increment dt. It is assessed by averaging all available increment data over process time t p and over 1000 particle trajectories. The shown copula density describes the dependence structure of particle displacements for a given sampling window dt separated by a time lag s. This is an analysis performed in the Cartesian coordinate system. We can see that large displacements in x-direction are often linked to small ydisplacements. This cross-directional dependence is caused by particles moving fast at small angles to the flow direction (x). If we switch now to a spherical coordinate system, we can analyze the absolute displacements jDfj separated from the direction which is represented by two angles, azimuth and elevation (see Figures 1c and 3) . In Figure 2c , we show the dependence structure between absolute displacement jDfj and the azimuth H.
Small absolute values of the azimuth values represent displacements along the main flow direction, azimuth values close to 61808 represent displacements against the main flow.
Now that we have chosen our coordinate system for the analysis, we need to revisit the suitability of copulas as analysis tool. Even if copulas reveal the pure dependence, it is very demanding to draw conclusions from the rank space that are valid and physically meaningful in the real world. For instance, if we consider the copula shown in Figure 2c , a naive interpretation might be that small displacements usually move against the main flow direction. Physical reasoning, however, reveals that small displacements occur mostly in regions with reduced or no flow, where diffusion is the controlling mechanism. Diffusion does not have a preferential direction which contradicts the results visually suggested by the copula analysis in Figure 2c . This contradiction can only be resolved when understanding that a dependence in the rank space as shown by the copula requires a careful and sometimes nontrivial interpretation before translating to conclusions Figure 2d reveals clearly that, for small absolute displacement, azimuth has a very high variance. This reflects the physical fact that, in stagnant or slow-flow zones, the diffusively driven transport component has no preferred direction. Hence, our hybrid representation of the dependence structure can provide an insightful and physically meaningful view on the process.
Throughout the whole study, the x axis is always oriented along the overall mean flow direction. That gives us two possible transversal planes (x-y and-x-z plane) to analyze transversal effects of the transport process. We assume the porous medium to be isotropic in transverse directions and hence we do not expect new phenomena by analyzing the second transversal axis. Hence, we only analyze the dependence between absolute displacement jDfj and the azimuth H.
Results and Discussion
Univariate Analysis
We first focus on the univariate statistics of pore-scale transport by looking at displacement components in a traditional Cartesian coordinate system. Figure 4 indicates that, for infinitesimal dt, pore-scale transport is likely to follow Fickian transport laws: the particle displacement distributions in all three spatial directions can be considered as Gaussian (see Figure 4) . Figure 4a shows that this finding is independent of process time t p . We interpret this as a confirmation that the analysis of particle position increments is beneficial, because statistics of particle positions (instead of increments) are known to be affected by time-increment-dependent scale effects [Le Borgne et al., 2010] .
However, we do not have access to infinitesimal dt and already for our smallest possible dt53 Á 10 24 s the distributions are not perfectly symmetric. This is a first sign for the non-Fickianity evolving on larger time scales (dt). For larger dt (5larger Pe rel ), the skewness of the displacement distributions in longitudinal direction is increasing (see Figure 4b ). This is caused by fast advective forward motion of some particles, combined with slow or even stagnant motion of others. In transversal direction, the deviation from normality manifests itself in the kurtosis (see Figure 4c ). The increasing skewness and the nonnormal kurtosis would not appear if the transport process could be described as an independent stochastic process based on normal increments for small dt as indicated in Figure 4a . In specific, the CLT dictates that, if the normal increments in Figure 4 were in fact independent, then increments for larger dt would again be normal. While diffusion is, per definition, a fully independent process, advection is a process with memory. The memory is induced by the physics of flow that induces the dependence. With higher Pe rel , the dependence becomes stronger as advection becomes more dominant: the expected diffusive displacement scales with the square root of time, the expected advective displacement scales with time. As a result, the univariate distribution deviates more and more from normality with increasing dt, because the assumption of an independent process does not hold anymore.
In addition, the order of dependence must be higher than one, i.e., more complex than linear. If we assume for a moment that advection introduces only linear dependence, the resulting distributions for larger dt would again be Gaussian, because the appearing stochastic process would be an autocorrelated process [Craig, 1984] that remains Gaussian if the stochastic noise term is Gaussian. The nonlinearity of dependence observable here must come from advection as diffusion cannot induce dependence.
Pearson Correlation
The Pearson-correlation plots in Figure 5 lead to similar conclusions about the dependence structure. The figure shows the autocorrelation among x-components of particle position increments for (a) Pe 5 10 and (b) Pe 5 100 over increasing time lag s for different values of time increment dt. For Pe 5 10 and dt53 Á 10 24 s the process is fully independent over all the time lags s we examined. This is the short-term regime of dt (small Pe rel ) in which diffusion dominates. If the transport process could be described as Taylor-Aris dispersion with a random yet constant-over-time velocity and without diffusion (Pe ! 1), the correlation would be one overall s. For Pe 5 100 and s53 Á 10 24 s, the correlation of 0.6 indicates that the process is not independent. Already at this scale, the dependence arising from advection influences the process (see also the slight asymmetry in Figure 4a ). The correlation becomes one or very close to one for s53 Á 10 24 s as dt ! 30 Á 10 24 s. The speed of gaining the dependence depends strongly on the global flow regime. Under relatively diffusive conditions (Pe 5 10) and dt below, a specific flow-regime dependent constraint, the correlation is either zero or only present for very short time lags s. This dt constraint decreases as the P eclet number increases. Above that constraint, the correlation decreases gradually with increasing s. The correlation, however, does not decrease linearly with log s, and hence the memory causing the dependence must be beyond first order with increasing time lags s, i.e., we have a Markov process of order higher than one. This conclusion can once again be drawn from comparison to an autoregressive model of order one (AR(1)) which would lead to an exponentially decaying correlation. We start with the bivariate dependence analysis between the absolute displacements recorded in consecutive time increments dt separated by a time lag s. This means we look at the dependence between a displacement now versus a displacements later. As we deal with heavily skewed distributions, we use classical copulas. The bivariate copulas of the absolute displacements with increasing dt and s are shown in Figure 6 .
If we analyze Figure 6 from the left to the right column, we observe a process that is dominated more and more strongly by advection as dt increases. If we conduct our analysis from top to bottom, we are analyzing the persistence of process memory. For dt53 Á 10 24 s and s53 Á 10 24 s, the copula density is occupied in the top right corner: There is already a small fraction of fast particles (in advection-dominated regions) that remain inside fast flow channels. For those particles, a small scale of time (dt) is already sufficient to induce dependence. The entire remaining area of the plot indicates complete independence, which is caused by diffusion that is dominant at this time scale. For increasing dt and s53 Á 10 24 s, advection becomes more influential as the relative P eclet number increases. In the first row of Figure 6 , we can see the transition from a diffusion-dominated and nearly independent process toward an almost purely advective-dominated transport process with a nearly linear dependence between the states.
If we increase both parameters (dt and s) and follow the plots on the diagonal of the figure, we see a very interesting change of the dependence structure: For small dt and s, the dependence is located only within the large-displacement quantiles. For increasing dt, the small-displacement quantiles gradually gain dependence whereas, simultaneously, the large displacements continuously lose their dependence. Ergo, we can deduce that the dependence is nonlinear and strongly scale-dependent. In other words, memory effects in non-Fickian transport come either from preferential flow when we analyze small-scale processes (small dt) or from the persistence of short displacements within stagnant zones at the larger scale. Hence, the root of non-Fickianity strongly depends on the considered scale (dt). This means that, the stochastic process (or transition matrix) used in non-Fickian transport simulations to account for the inherent process dependence has only a limited validity range.
The squares in Figure 6 describe the transition probabilities of particle displacements that can be considered as mobile (top right square) and the immobile particles (bottom left square). The remaining two squares represent the transition probability or exchange rate of particles from mobile to immobile or vice versa. The definition of a critical displacement that characterizes transport in stagnant velocity zones is derived by the v 2 -distribution which is the sum of the squares of k 5 3 independent standard normal random variables. Herein, the critical displacement is defined by the 95-quantile of a v 2 -distribution that scales with D m 3dt. For dt51000 Á 10 24 s (see right column), absolute displacements below 39:5193lm are considered as stagnant.
Analysis of Memory Effects in the Azimuths (Pe 5 100)
In Figure 7 , the bivariate densities of azimuths are illustrated, and we are looking at azimuths now versus azimuths later. Azimuth should be understood as deviation from the main flow direction. We do not use copulas in this case because the distribution is symmetric (see Figure 7) and constrained between 2180 and 1808. If we start again with the smallest dt and s, we can see from the ellipsoidal shape of this bivariate distribution that there is memory, and that the underlying dependence is linear. If we consider dt as the inverse frequency of evaluating the azimuth several times within a pore, the memory comes from the directed orientation of the streamlines within the individual pore geometries. As dt increases, two things change: first, the relative P eclet number increases, so that advection becomes more dominant and diffusive motion leads to less scattering relative to the advective drift. Second, the smaller geometries in advective part get averaged out, so that the main flow direction becomes more pronounced. Together, the individual variances of the azimuth become smaller, leading to the density concentration around zero with increasing dt. With larger Pe rel , the process memory of the azimuths becomes weaker before it vanishes fully. This happens because the deviations from the main flow direction start to lose their correlation after a specific s which is increasing as dt is increases (see Figure 7) . 3.5. Analysis of Memory Effects in the Cross Dependence (Pe 5 100) For analyzing the cross dependence, we transform only the absolute displacements into uniform distributions and leave the respective azimuth in the value space. With our framework of representing the dependence, we can focus on the quantile-specific differences of dependence, i.e., we can observe how different ranges of velocities (now) restrict the freedom in angles (now and later) to different degrees. In Figure 8 , we start the analysis in the top left for the lowest relative P eclet number (dt53 Á 10 24 s) and small time lags (s53 Á 10 24 s). Here, the dependence is clearly concentrated between high displacements at the current state and small angles in the future state. Due to the low relative P eclet number, transport is mainly diffusive for small dt. However, there is a small fraction of cases where a particle experiences a large displacement as it currently resides in a fast flow conduit, and then it is very likely that the displacement is roughly aligned with the main flow direction. With increasing dt, we still observe a strong dependence between large displacements at the current state and small angles at later states for the upper displacement quantiles. If we consider the lower displacement quantiles instead, there is much less cross dependence between displacement and angle, as we found it typical for diffusive processes. However, the particles that experience lower displacement quantiles are gaining dependence compared to lower dt values. This is caused by the increasing influence of advection even in the slower (even nonstagnant) regions of the pore space. The increasing dependence is the reason for the smaller azimuth variance at specific displacements quantiles, gradually intensive from upper to lower quantiles. In combination, we conclude that fast particles go straight, but particles that go straight can either be fast or slow.
For increasing time lags s, the dependence between small angles and large spatial displacements is decreasing. Large displacements lead to gradually altering angles at later points in time, whereas small displacements trigger rapid angle changes, e.g., as a result of diffusion in stagnant zones. Throughout the complete analysis, the tendency for a particle to go straight is persistent over many scales of dt and s. For even larger values of s and dt beyond the ones we can investigate in our sandstone sample, we can expect that process dependence will vanish fully.
3.6. Analysis of Memory Effects in the Cross Dependence for P eclet 510 Our experimental setup allows us to choose an arbitrary P eclet number. All previous analyses are based on a P eclet number of 100 in the PTRW simulation. In the following, we characterize the cross dependence and memory under a more diffusive transport regime characterized by a P eclet number of 10. The corresponding figures showing the results are provided in the supporting information. Just like in the previous results for Pe 5 100, the process has almost no visible memory in the absolute displacements for very small dt. As the time increments dt increase (larger relative P eclet number), dependence establishes and can be found especially among the large displacements. For this relative P eclet regime, memory is increasingly limited to fast particles for increasing time lags s with additional memory for stagnating particles at very large time lags.
Likewise, the cross dependence between displacements and azimuth over time, shows the same characteristics as for Pe 5 100. For the most parts in a comparison between the two transport regimes, we can say that the memory and the dependence structures are similar. However, there are important differences: First, under more diffusive conditions (Pe 5 10), the dependence does not appear as quickly with increasing dt as it occurs for the more advectively dominated transport regime (Pe 5 100). When advection is less influential, the particle movements are slower and they need larger time increments to experience the pore-space geometry that establish dependence and memory. Second, and the most crucial, the evolving dependence at Pe 5 10 shows a lot more persistence compared to the dependence characterizing the process for Pe 5 100, as the largest analyzed s is 5 times larger than at Pe 5 100 and we can still see persistent cross dependence. Hence, if the transport regime is heavily influenced by advection, dependence appears quickly and remains persistent over a certain time. If the transport regime is more diffusive, the process at work needs more time to establish dependence but the resulting memory effects also last longer.
Conclusions
In this study, we performed a full statistical analysis of advective-diffusive pore-scale transport in a real pore geometry, adopting the Lagrangian view and choosing a copula-based method to assess cross-directional dependence and memory effects in particle displacements. With this framework, we study the evolution of non-Fickian transport and the return to Fickian transport as a function of increasing time increments in observing particle positions and as a function of time lags between time increments. The data particle trajectories for this analysis are provided by the means of direct numerical simulation of advection and diffusion in the pore space of a sandstone rock image. Hence, we analyzed the evolution of the dependence as a function of given time increment dt and time lag s that reveals information on the process memory. The main findings are:
1. We found that a statistical analysis in a spherical coordinate system results in a clear description of the underlying physics. In this coordinate system, the particle motions are described by the absolute displacement and two angles. This has two advantages: first, stagnant and mobile zones can easily be Water Resources Research
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distinguished by the absolute displacement. Second, the provided view onto the underlying physics is much more intuitive and allows more meaningful analysis compared to analyses in a Cartesian system. 2. At very small time increments, only fast particles tend to stay fast whereas, at larger time increments, only the slow particles tend to stay slow. The slow particles at small time increments and the fast particles at larger time increments do not reveal such a tendency. Hence, at the small scale, non-Fickianity is triggered by fast-flow channels whereas, at larger scales, non-Fickianity is triggered by stagnant velocity regions. That means, the root of non-Fickianity strongly depends on the considered scale (dt) and the stochastic process descriptions currently used in non-Fickian transport simulations to account for the inherent process dependence has only a limited validity range with respect to numerical time step sizes. 3. Large particle displacements are aligned with the main flow direction, whereas stagnant particles can move in any arbitrary direction. This cross-directional dependence is highly nonlinear and persistent over time. The cross dependence is usually neglected in other studies and in non-Fickian, CTRW simulation approaches but appears to be significant in our study. 4. The lower the P eclet number of the transport regime becomes, the weaker is the general dependence and memory of the transport process. Even if the general dependence is weaker at smaller P eclet numbers, the involved (weaker) memory effects show a stronger persistence over time than in transport processes characterized by larger P eclet numbers.
When investigating non-Fickian transport, it is common knowledge that the non-Fickianity comes from heterogeneities of the velocity field, such as stagnant zones or fast-flow channels. This introduces dependence into the transport processes. Overall, we have shown that, for pore-scale transport, the dependence is persistent in all directions, that the dependence is highly nonlinear, that the dependence behaves different on different temporal scales, and that the persistence of the dependence is dependent on the P eclet-number of the transport regime.
The majority of studies that analyze non-Fickian transport perform simplifications; either at the pore geometry or restrict the analyzed direction. Our study should be seen as an extension of all these studies, as we are analyzing the transport process without doing any a priori simplifications. We do neither provide a novel simulation framework for on-Fickian transport nor do we provide a novel parameterization for upscaling. Instead, we provided a copula-based framework to describe the full statistical complexity of transport processes. The insights we get can be used to parameterize effective simulation frameworks at larger scales in future studies. Copulas and transition matrices, commonly used in existing non-Fickian simulation schemes, both represent the transport process as a stochastic process. How copulas can exactly be used for the parameterization procedure is a very interesting question for follow-up studies.
